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Why find prec

Forensic analysis of past events

— Accident investigation
— Hazard identification

— Operations
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Why find precursors

Real-time decision support
— Crew derting, Situational awareness, Action recommendation




Why find precu

Forecasting adver se events better and earlier
— Generate a knowledge base (precursors)

Develop decision support tools
— Alerting systems
— Recommendation systems on corrective actions

| mprove operator training
— Response and recovery from precursors

Predictive maintenance
— Precursors to component failures



Challenges in Precursc

« Human expert analysisisnot scalable
— Not easy to find patterns in 100s of time series.
— Visualization is almost impossible.
— Subjective variations among experts
— Costly and slow

 Dataminingisnot easy
— High dimensions (100s of variables)
— High velocity of data (1000s of flights per day)
— Data heterogeneity (continuous, categorical, text, voice, video)
— Precursors are unlabel ed.
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Problem s

e Data
— Adversetime seriesdata N = {Xi}, i =1,2,..NV;
— Nominal timeseriesdata N = {X;}, i =1,2,..N;

— Unsupervised
e Event [ z1(k) |
_ Atimedliceof data | "2

| 7a(k) |

— Dataisasequence of events X; = [x(1),x(2),..,x(L;)];



Precursor Det

Given a sequence of events X = [x(1),x(2),..,x(L)], an action
is any state transition ay : x(k) — x(k+ 1) where 1 <k < L,
then ay is a precursor to E4 if

Vi(ag) —V(ay) > 0.

where 0 > 0,

ay, 1s the expert’s action at £,
V' (z) is the value function o< P(F 4|z)



Related w

Precursor discovery in multivariate time seriesis a new problem
— No direct algorithm exists

Challenges

1. Unsupervised (no ground truth on precursors)

2. Temporal (long sequences make it hard)
3. High dimensionality

Possible approaches

TernpoIr::aIUIriIt:Arlnri“nri]r?g Modd Based Causal B(;yagssin“ tmodels
121D D ELVI”}A [t?zlse(? (ID 8D O Granger causality |
Motif mining [2@@ @) ity based rules | 3456 DO
Clustering [10]

| ssues/Drawbacks
Computationally expensive (scales combinatorial/exponential with number of items).
Doesn’t handle continuous data (or needs discretization which grows combinatorial).
Similarity metric not easy to define for high dimensional data.
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Background: Mar

An MDP is a tuple (S, A, Psgq, v, R)
- S =R7? is a continuous state space with d state variables,
- A =Rl is an action space with [ action variables,

- {P?.} (or Psy if actions are unknown) are the
state transition probabilities,

- v € [0,1] is the discount factor,
- R:S8 — R is the underlying reward function,

policy: 7(s,a) = p(als),

*

optimal policy: mg(s) = a”,



Background: Value F
Bellman’s Opti

The value of state xg under policy 7 is

V7 (x0) = E[R(x0) +vR(x1) + .. + " R(xv)|7]

where the expectation is over the distribution of sequences
starting from xgq.

The expert’s policy g
Tp(x) 2 m(x) = V™EX)=2VT(x) V om

Bellman’s optimality
TE (Xk) = arg Maxfy feqsible xj1 1} VTE (Xk—l-l)
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Step 1. Expert’s Re

o R(x;a) = a¢1(x) + azda(x) + .. + am@m(x)

— A general model of the expert’s reward
—a=[a; ay .. o]’ tobe estimated

— ¢i(x);1=1,2,..,m are some known basis functions (gaussian)

e " = arg mina{EXu [Vﬂadv (XO; O’.)] _ EXU [VWE (XO; O:)]}

. A.Y.Ng and S. Russell, “Algorithms for
— such that |Of@‘| o 1, 1 = ]_, ]_, wuy TR inverse reinforcement learning,” 1CML 2000.

R(x) = fr(x;a*) = 3iL, af di(x)
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Step 2: EXpert’s Ve

e Value estimation by Monte Carlo method

— Known reward (from previous step)
— Time series data as Monte Carlo samples

— Return Ret(x) = > 7*R(xy) for cach state x as accumulated rewards

e For every labeled pair (x;, Ret(x;)), a regression model V™7 (x; ) param-
eterized by € can be built

— 0% = argming N% Zil | Ret(x;) — Ve (xi;0)II” + %”‘5’”2

V7 (x) = fu(x;0°)
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Step 3: Precursor

Given a sequence of events X = [x(1),x(2),..,x(L)], an action
is any state transition ay : x(k) — x(k+ 1) where 1 < k < L,
then ay is a precursor to E 4 if 1 Testaction

V(ay) — V(ar) > 9.

e requires finding the “optimal” decision
— Bellman’s optimality
Xl*c—|-1 = argmaxf feasible xp.1 } VTE (XkJrl)

e requires scoring the suboptimal decisions
= Pl = V™ (X yq) = V™ (Xict1)

— A weighted contribution from reward may be
added to tradeoft short term vs long term precursors



o Case Studies
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Take-off Stal

Adverse event: Drop in airspeed after take-off by at least a 20 knots

Goal: To find precursors using flight recorded data
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e Case Studies
— Take-off Stall Hazard



Factors affecting drop

 Human Factors

— Errorsin reference speed calculations, estimating AC
weight, energy management.

— human-machine interactions, fatigue, aggressive
flying, mode confusion.

e Environmental
— Tall winds, wind shear, sensor fallure

* Procedural
— Avoiding terrain, flying over restricted area



400 nominal flights

ADOPT anc

20042% gdl/g(r) ST‘] ﬂli ghts Adverse time Test trajectory
+ - N/
( ) ho out.set : series, N Xre€ N
Time series | =
database
Inverse : :
PR T . # basis functions: 5000
: 4 Remfmc?me“t Spread of Gaussian:
series. N Learning 0.05

Expert’s reward

model. R(s) W

Precursor

Discovery
| |
1
:

Reinforcement : Precursors
Learning I— P
Expert’s value Ea

SVM model, V™= (s)



Flight analysi
reference speed set |

Alrapesd (Kig) Altttuds Pitch Angie Roll Angls o Auto-throttis
140 I 3 s::lz- | | | | | I I | | A = ) | | | | |
Autopliot Talwing 25{:-’ PFD Spd [Kta] 1 Prob Precursor indax [Pl
] “im— .

Time = 1s ds 30s 35s 40s 45s 50s
Tailwind Pitch Angle PFD Spd PFD Spd Pitch Angle Pitch Angle PFD Spd
Pitch Angle Altitude Pitch Angle Tailwind PFD Spd PFD Spd Pitch Angle
Roll Angle Roll Angle Auto-throttle Pitch Angle Tailwind Tailwind Tailwind

Altitude Tailwind Roll Angle Roll Angle  Auto-throttle Auto-throttle Auto-throttle
Auto-throttle Auto-throttle Altitude Altitude Autopilot Autopilot Autopilot




Flight analysi
reference speed set

Alrspeed (Kta) Altituda Pitch Angla Roll Angls Auto-throttie
7 /\/\\d 1000 ; ?:I/_’_\/_J__w\ :' 1t
o Dt B S, S ] _j-
Autopliot . Tailwing - PFD Spd [Kts] _ : Prob 1 Precursor indsx [PI)
2D| 21]{:-’ I_ D.; a.ar
QDW o .- " Ej\/w Ej.
Time = 1s 4s 20s 258
Pitch Angle Tailwind Tailwind Pitch Angle
Tailwind Pitch Angle  Pitch Angle PFD Spd
Altitude Roll Angle Roll Angle Tailwind
Roll Angle Altitude PFD Spd Roll Angle

Auto-throttle Auto-throttle Altitude Altitude




Flight analysis1 - N

Alrapesd [Kig] aitttude Fitch &ngie Roll Angle Auto-throtia
ar
m'
15 1k
1
=
5 ik
: : i i ; ; ; i ; : Ot ; i ; ; ; q ; ; ; ; ;
20 40 60 BO 100 2 40 &0 8¢ 100 M 40 &0 EBO 1DD 20 40 s B0 100 20 40 60 80 100
Autoplict Talwing PFD 5pd [Kta)] Frob Fracursor indax [Pl
2r 1 1r
20 Fl
fh.“_‘____’,u-n—n.._h T r 0a oar
ol 200 = = —tmresnoid
[ 06 0.6k f
-20/ 150 oAt
] b ! Fl -
| st 04 ¥ P
-40 toe
50 0z 0.z} 4
-0 W W =
o : o ; . : . 1 : i . . a : A : ;

20 40 ] BD 100 20 40 &0 a0 100 20 20 &0 &1 100 20 40 =] 80 100 20 40 B0 a0 100



e Case Studies

— STAR procedure adherence



STAR procedure ¢

Adverse event: Drop in airspeed after take-off by at least a 20 knots

Goal: To find precursors using flight recorded data

BLOZ NWT #0 O LL0€ D30 L0 "2-05

— e
g '®)] 'I:’grﬁ?m MOTE: For use when DFW iz aparl\gting in a north flow. When DFW is
= ﬁ LA e aperaling in o south How, file and expect the VKTRY RHAY STAR, i
= z 119,875 784 65 Hgﬁ &Eﬁﬁrwuira& 5
3 . Y
g =11 | BELFR TRANSITION (BELFR. JOVEMA]: MOTE: DME/DME/(RL or GPS required \%‘f
rg“ QO | TATC assigned only | 10 mﬂ MOTE: Turbajet aircraft anly. b
= S | FAWNT TRANSITION (FAWNT JOVEMA] - <
w ™ [ATC ossigned only.} 3 A IBAKE f:ﬂgm
% 2o | HMKER TRAMSITION [HMKER JOVEMA), HOFFF T)- éﬁ%:, .
% & | HOFFF TRAMSITIOM [HOFFF JOVEMA):
& = | IBAKE TRANSITION {IBAKE. JOVEMA]:
,E [ATC assigned only )
w5 | KLAWW TRAMSITION (KLawWW JOVEMA]:
§ [ATC cssigned only. |
= MOAMNC TRAMSITION [MDAMCH JOVEMA): H
_, | FBUKL TRANSITION [RBUKL JOVEMA] BBENN ™12
g | [For CKC Terminal Area Departures anly ) MOANC
E. TURKI TRAMSITION (TURKEJOVEMA): *k« ’Q%b
5 | TYFTN TRANSITION (TYPTN JOVEMA4): /}%%%) L
= | [ATC assigned only.} t’,j:_}d"o\l.r-
Em WILLTR TRAMSITION {WLLTR. JOVEMA]: )
g [ATC ossigned anly.} BELFE
e LETHIM
% 10000 7 10 N FL300 290K
TURK] *4400 32 2ere ) FL240
g | a0 —a— TG B, :
Gol(me) W oaa ) Ad Ao
% = o (39) 7o
5 Fop KWANA - wyr (90)
g O GLOKK I
25 QL _ GLOKK
z: HNKER W itﬁ 750K | i I1 I
=5 LAY, oS ek
z T T ! e e fellown |
22 (CONTINUED ON FOLLOWING PAGE] 230 290K (200K | EROTRR |
= E [MARRATIVE OM FOLLOWIMNG PAGE) FL20O —_ e MOTE: Chort not to wak

SWNAL HIHOAA LHO-59TTRO

SC-2. 07 DEC 2017 to 04 .JAN 2018

it (PWIAOT AALAA

saynay vomrsuca | (AYNY) TYAREY 34NO4 WIAOT
lowd) 6E09-TY

[AN AN HIEOM, THO4-SYTTV



Case Study 2 — STAR
adherenct

Adverse event: Drop in airspeed after take-off by at least a 20 knots

Goal: To find precursors using flight recorded data
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400 nominal flights

ADOPT anc

20042% gdl/g(r) ST‘] ﬂli ghts Adverse time Test trajectory
+ - N/
( ) ho out.set : series, N Xre€ N
Time series | =
database
Inverse : :
PR T . # basis functions: 5000
: 4 Remfmc?me“t Spread of Gaussian:
series. N Learning 0.05

Expert’s reward

model. R(s) W

Precursor

Discovery
| |
1
:

Reinforcement : Precursors
Learning I— P
Expert’s value Ea

SVM model, V™= (s)



Flight analysi
reference speed set

Requirsd Slope (deg) x10 Altitude [T} Dascent Rats [fimin) Ground Spead (Kie) Tall wind [Kiz]
; Alfftuds Skip ; slopa—poasible ” Late—sntry : Lateral Skip 1 . Pl'o{lnnura?{bm
S 1 ] | /o
Time = 1s 20s 25s 30s 35s
Tailwind Pitch Angle  Pitch Angle Autopilot Autopilot
Roll Angle Autopilot Roll Angle Roll Angle Auto-throttle
Pitch Angle Roll Angle Tailwind Auto-throttle Roll Angle
Altitude PFD Spd PFD Spd Pitch Angle Tailwind
Auto-throttle Tailwind Auto-throttle Tailwind Pitch Angle




Flight analysi
reference Speed set |

Required Slops [deg) Alttuds (1) Descent Rats (fimin) Ground Spesd (Kis] Tall wind [Ktg]
| 550 100
500 "
3 0 450 50
—_—
L—/ 400 Sy
r . 2 350 L]
-2000 300
| -5
P c o (] J L] P c J D i M P c J (0] J L] P c J o J M P c i D o M
Altitude Skip Shopa-possiole Late-gniry Lateral Skip PTBCUTSOT BCOTE
2 15¢ 1 1 T T T
- 0.8
5 ¥ 0.5
0.5 0.8
: :
0.4
0 o
—o.st =cs 02
1 -1 1 L]
P c J "] J ] P c J 1] J M P c J v] J M P c J o J M P c J o] 3 ']

Altitude Slope-possible  Slope-possible  Slope-possible  Slope-possible
Ground Spd Descent Rate Ground Spd Descent Rate  Altitude Skip

Descent Rate Tailwind Descent Rate Tailwind Descent Rate
Tailwind Ground Spd Taillwind Ground Spd Ground Spd
Altitude Skip Altitude Altitude Altitude Tailwind

Slope-possible  Altitude Skip  Altitude Skip  Altitude Skip Altitude




Flight analysis1 - N

Requirsd Slops (dag)

J o
Altitude Skip
4 o

x 10 Altrtugs (1)
4
3
2
P [ J D
Slops-possibls
1
05
[
05
-1
P c J D

Deacent Rats (fUmin)
20400 o
S00
450
[F]
400
350
-2000 300
P i (0] o M P
Late-gniry
1.5¢ 1
L 05
0.5
]
o
-5 o
-1 -1
P N (0] J M P

Ground Speed (Kta]

J 1]
Lateral Skip
J 1]

Prob

Tall wind {Kta]
100
30
u _ﬁ-_——f
-50
P c o ] J M
Precursor 8core
1 T T
0.8
0.e
o ""-...'____.-——-——_._-
02 ]




e SUummary



ADOPT’s fea

Data mining based precursor discovery algorithm

| nput
— Feed in time series data with adverse event
— Feed in nominal time series data
— Data could be continuous, categorical, text, images

Output

— Precursor time instants
— Precursor variables

— Probability score

Correlation and not Causation




ADOPT’s feat

Use any/all domain knowledge
— Selecting variables

— Scoping problems in space, time
— Hand-engineering features

Use any classifier of choice
— SVM, decision tree, K-NN, logistic regression

Extends to multiple adverse events
— Holistic analysis, safety margins

Parallelizable
— Multiple CPUs
— Analyze multiple airports, airspaces, aircraftsin parallel



Summary

Precursor discovery is an important problem with
uses in multiple applications in Aviation.

ADOPT Isan efficient data mining solution to
find precursors.

Two case studies are presented to show the setup,
working and features of ADOPT.

ADOPT will be open-sourced in the near future.
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